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Abstract

Accurate estimates of heavy rainfall probabilities reduce loss of life, property, and
infrastructure failure resulting from flooding. NOAA's Atlas-14 provides point-based
precipitation exceedance probability estimates for a range of durations and recurrence intervals.
While it has been used as an engineering reference, Atlas-14 does not provide direct estimates of
areal rainfall totals which provide a better predictor of flooding that leads to infrastructure
failure, and more relevant input for storm water or hydrologic modeling. This study produces
heavy precipitation exceedance probability estimates based on basin-level precipitation totals.
We adapted a Generalized Extreme Value (GEV) distribution to estimate Intensity-Duration-
Frequency (IDF) curves from annual maximum totals. The method exploits a high-resolution
precipitation data set and uses a bootstrapping approach to borrow spatially across homogeneous
regions, substituting space in lieu of long time series. We compared area-based estimates of 1-,
2-, and 4-day annual maximum total probabilities against point-based estimates at rain gauges
within watersheds impacted by five recent extraordinary precipitation and flooding events. We
found considerable differences between point-based and area-based estimates. It suggests that
caveats are needed when using pointed-based estimates to represent areal estimates as model

inputs for the purpose of storm water management and flood risk assessment.
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Introduction

Extreme rainfall and consequent flooding cause tremendous loss of life and property, and
infrastructure failure (Merz et al. 2010). During the past 30 years, floods have claimed a national
average of 82 lives and caused approximately $8B in damages annually (National Weather
Service, 2016). Individual events have caused losses in concentrated areas, such as the heavy
rainfall and October 2015 flooding in South Carolina that resulted in $130m paid losses and the
failure of 52 dams (FEMA, 2017; SCDHEC, 2017). A Louisiana flood in May 1995 led to
$585m paid losses (FEMA, 2017). Understanding the probability of heavy rainfall events aids
the design and operation of infrastructure that could mitigate losses from such hydrologic

hazards (Zhu 2013).

Extreme rainfall is typically summarized with Intensity-Duration-Frequency (IDF) curves
that describe the relationship between rainfall intensity, rainfall duration and return period (or its
reverse, probability of exceedance). IDF curves are typically derived from rainfall measurements
or model outputs. For every year of record, annual maximum rainfall intensity for specific
durations (e.g., 1 hour, 1 day, 2 days) is determined. A variety of distributions (e.g., Generalized
Extreme Value distribution, Pearson Type Il distribution, and Generalized Pareto distribution)
and statistical methods (e.g., L-moments and maximum-likelihood) could be used to estimate
probabilities of exceedance and fit curves (Guttman 1993; Mailhot et al. 2007; Peck, Prodanovic,
and Simonovic 2012; Willems et al. 2012; Zhu et al. 2013; Mirhosseini, Srivastava, and
Stefanova 2013; Soltani et al. 2017). From these, one derives synthetic design storms which are
then used to appropriately size infrastructure, such as dams and urban drainage systems. For
instance, in Norway, the probable maximum precipitation is applied along with the 500- or 1000-

year return levels for dam design and flood preparation (Dyrrdal et al. 2016). Estimation of IDF
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is usually derived from long records observed at rain gauges. For example, in the United States,
NOAA's Atlas-14 which provides point-based precipitation probability exceedance estimates for
a range of durations (5- minute to 60-day) and recurrence intervals (1-1000 years) are based on
rain gauge records through December 2000 (Bonnin et al. 2006). It has been used as an
engineering reference to create hypothetical storm scenarios and to develop plans and strategies
for storm water management (Chen et al. 2009; Miller et al. 2007). We know, however, that
precipitation varies spatially and that single gauge observations may not adequately characterize
the areal rainfall distribution that drives hydrological processes. Misrepresenting the spatial and
temporal variability of precipitation causes runoff model error (Fontaine 1991; Ruelland et al.
2008). For the purpose of flood response, storm water management, and infrastructure design,
point-based estimation of IDF needs to be scaled to areal estimates to provide more accurate

rainfall-runoff model inputs (Nguyen et al. 1981).

The areal estimation of IDF can be achieved in two ways. The first way is to convert the
point estimates to areal estimates using a converting factor or a ratio. Adopting Areal Reduction
Factors (ARF) is one method used to convert point estimates to area-based precipitation
exceedance probability. ARF measure the ratio of the mean precipitation across an area to the
maximum precipitation depth at a point within it, at a certain duration and recurrence interval
(Asquith and Famiglietti 2000). NOAA’s Atlas-14 incorporates this concept. While based on
frequency estimates at gauges, it assumes that areal estimates can be produced by averaging the
point values at all locations within the area of interest, then multiplying the average by the
appropriate ARF (Bonnin et al. 2006). Commonly-used ARF values are documented in US
Weather Bureau Technical Report 29 (US Weather Bureau 1957), NOAA Technical Report 24

(Myers and Zehr 1980), NOAA Technical Memorandum HYDRO-40 (Zehr and Myers 1984),
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and NOAA Atlas-2 (Miller et al. 1973). However, these sources have limitations. For example,
TP-29 produces a single ARF-area curve for all recurrence intervals (from 2 to 100 years) and
implicitly equates the frequency of the point precipitation to the frequency of areal precipitation,
assuming that frequency has no influence on the relationship between depth and area (Asquith
and Famiglietti 2000). TP-24 attempted to explore the areal and durational variations that were
not addressed in TP-29, but it provides ARF only for areas less than 1200 km? and storm
durations less than or equal to 24 h. These limitations hinder the conversion of point-based

estimates into area-based estimates in NOAA’s Atlas-14.

Spatial analysis technigques and new technology have improved the areal representation of
precipitation during the past two decades. In particular, radar-enhanced precipitation estimates
have improved ARF calculations and have revealed an inherent overestimation found in previous
methods (Lombardo et al. 2006). Additionally, radar data have been vetted to measure explicitly
how uncertainties in data quality control on storm duration and area, data heterogeneities, and
data record length affect ARF estimation (Durrans et al. 2002; Olivera et al. 2008; Overeem et al.

2010).

Despite efforts to develop and improve ARF calculation (e.g., De Michele et al. 2001,
Veneziano and Langousis 2005; Veneziano et al. 2006), the method has been criticized. First, the
ARF averaging process obscures information about the spatial and temporal variability of
extreme precipitation, factors that strongly influence flood response. Second, the reduction of
considerable variability into a single ARF induces uncertainties. Third, ARF generalizes
uniformly across a given area, ignoring local or regional extreme rainfall climatology (Wright et

al. 2012; Wright et al. 2013).
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Recognizing these shortcomings, the second way is to generate IDF directly from the
products that provide areal representation of precipitation. It involves the creation of areal
representation of precipitation and the estimation based on areal precipitation products. The
creation of areal representation of precipitation rely on geostatistical methods. These methods
which include, but not limit to, the Inverse Distance Weighted (IDW) method, the family of
kriging methods (e.g., universal kriging, cokriging and block kriging), sequential Gaussian
simulations, have been investigated and applied to various purpose of studies in different regions
(e.g., (Liu et al. 2016 ; Park, Kyriakidis, and Hong 2017 ; Park et al. 2016 ; Gundogdu 2017)).
Meanwhile, the integration of radar technology and geostatistical methods has greatly improved
the accuracy of areal representation of precipitation (Cecinati et al. 2017). Particularly, the
gridded PRISM (Parameter-elevation Relationships on Independent Slopes Model) data, the
official spatial climate data sets of the U.S. Department of Agriculture, have been producd using
methods that consider location, elevation, coastal proximity, topographic facet orientation,
vertical atmospheric layer, topographic position, and orographic effectiveness of the terrain and
incorporate radar observations. The uncerntainty of PRISM data has also been rigously assessed

(Daly et al. 2008).

Wright et al. (2013)’s work exemplifies the usage of radar data to generate the areal
estimation of IDF. They built “storm catalogs” from a 10-year high-resolution radar database and
developed the Stochastic Storm Transposition (SST) method which resamples from storm
catalogs to reconstruct a regional climatology of extreme rainfall. They applied their method to
reproduce IDFs for four watersheds around Charlotte, North Carolina and revealed substantial
variability that could not be captured by conventional methods, but which has great implications

to flood risk management. Their work provided an alternative way to construct areally-based
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IDFs directly from real storms by taking the advantage of high resolution of gridded precipitation
products which capture variabilities of extreme rainfall and regional extreme rainfall
climatology, instead of using generalized ARF to convert point-based estimates into area-based
estimates. Meanwhile, their work also highlighted the idea of Regional Frequency Analysis
(RFA) which substitutes space for time by using samples from other locations that have similar
extreme statistical probabilities to make reliable statistical inferencing. RFA is a typical way of
overcoming the problem of insufficient sample size in the study of hydrometeorology extremes
(Kysely and Picek 2007; Wallis 1980, 1982; Weiss and Bernardara 2013) and is also used in the
establishment of Atlas-14 (Bonnin et al. 2006). However, their work only focused on a single

region (i.e., Charlotte, North Carolina) and storms with durations up to 12 hours.

The losses caused by recent heavy rainfall and flooding events in the United States, and
the potential for intensified extreme precipitation in the future, motivate this study to examine
precipitation extremes at the basin level using a spatially-explicit and regionally-coherent model.
We present an approach to estimate exceedance probability of total precipitation received in
differently-sized United States Geological Survey (USGS) Hydrologic Units taking the
advantage of PRISM data which provide daily total precipitation in the continental United States
from 1 January 1981 up to present as we discussed above. Our approach includes a
regionalization method that delineates regions to capture different extreme rainfall climatology
across space and a resampling scheme that substitutes space for time taking advantage of a high-
resolution, areally-representative data set. We tested our methods and compared against the
point-based approach adopted by NOAA’s Atlas-14 by examining IDFs in selected basins

impacted by recent heavy rainfall and flooding events in South Carolina, West Virginia, Texas,
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Louisiana, Colorado, Washington, Oregon, and Idaho. These states were selected to represent

areas across the US that have recently experienced heavy rainfall and flooding events.

Methods

Overview

To examine the probability of occurrence of a heavy precipitation event in an area, such
as on of USGS’s 10-digit or 8-digit Hydrologic Unit Codes (HUCs), the annual maximum total
precipitation was extracted from the daily 4-km gridded PRISM precipitation dataset covering
the period, 1 January 1981 to present (PRISM Climate Group, Oregon State University,
http://prism.oregonstate.edu, created 4 Feb 2004). Total rainfall in the sampled area was
calculated by summing consecutive 1-, 2-, and 4-day totals of all grid cells within the hydrologic
unit, for each year from 1 January 1981 through 31 December 2015. Thirty five years of annual
maxima are insufficient for robust estimation of Generalized Extreme Value (GEV) distribution
parameters, especially when estimating long return periods. We adopt the idea of Regional
Frequency Analysis (RFA) which finds more samples from other locations that have similar
extreme statistical probabilities to make reliable statistical inferencing. We developed a
bootstrapping approach that samples spatially across regions with relatively homogeneous
extreme value statistical properties. In this sense, it substitutes space for time, compensating for
the relatively short period of record when accounting for extreme events. One-, two-, and four-
day annual maximum total precipitation values were sampled across a broader region where
conditions causing heavy precipitation events plausibly could have occurred because of similar
geographic and synoptic conditions. Thus, we used the size and shape of the original watershed
to randomly stamp identical polygons across region to generate a large sample. This sample

provides the basis for estimation of GEV curves and event probability based on the areal
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precipitation total in the resampled basins. Finally, we compared the area-based estimates against

the point-based estimates from Atlas-14.
Heavy rainfall events and watersheds

We examined five recent heavy rainfall events across the United States. For each event,
we selected the most impacted HUC 8 or HUC10 watersheds that have rain gauges within them
(Table 1). Among them, Gills Creek, in central South Carolina, had five dam failures within the
watershed during the recent flooding. We seek to explore how probability of occurrence changes

for basins vs. points.

Regionalization

We employed a regionalization method named REDCAP (Regionalization with
Dynamically Constrained Agglomerative Clustering And Partitioning; Guo, 2008) to delimit
homogenous regions with relatively homogenous annual maximum 1-day, 2-day, and 4-day
rainfall statistical properties separately from PRISM. For each grid cell in PRISM, we extracted
annual maximum 1-day, 2-day, and 4-day rainfall totals. The dissimilarity of the pairwise grid
cells was defined by the Anderson-Darling (AD) distance for annual maximum 1-day, 2-day, and
4-day rainfall totals from 1981 to 2015. This method disproportionately weights observations in
the tails of the distribution (Anderson and Darling 1954; Pettitt 1976). It is chosen because it is
one of the metrics used to form homogeneous regions for the growth curves in Regional
Frequency Analysis (RFA) (Viglione et al. 2007) and has also been used in the regionalization of

heavy precipitation (Gao et al. 2016).
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REDCAP finds sets of grid cells that are spatially contiguous and have the shortest AD
distance among them. At the beginning, REDCAP considers each grid cell as an individual
cluster. Then, it iteratively merges pairs of clusters that are spatially contiguous and have the
shortest AD distance, which is determined as the averaged distance of each pair of grid cells
across the two merged clusters. This follows the same clustering procedure as conventional
average linkage clustering except that REDCAP requires that merged cluster pairs be spatially
contiguous. A spatially contiguous dendrogram is constructed once all grid cells are merged.
REDCAP then partitions the spatially contiguous dendrogram into the desired number of sub-
trees assigned by a user, each of which represents a spatially contiguous region (Figure 2). At
each cutting of the dendrogram, REDCAP minimizes the sum of within-region heterogeneity for

all regions which is defined as:

n m
i

where, H is the sum of within-region heterogeneity for n regions, m is the number of grid cells in
region i, and AD ) is the averaged AD distance of cell j to the other (m-1) cells within the region
i. The number of sub-trees (i.e., regions) was determined on the basis of prior knowledge of
climate regions and consideration for geographic and synoptic conditions of the target

watersheds (Figure 1a to 1c).
Bootstrap sampling and probability estimation

For each selected 8-digit HUC watershed, a layer that contains 30 non-overlapping
polygons that have the same shape and area as the selected watershed was generated in each year

from 1981 to 2015. Regions were determined on the basis of 1-day, 2-day, or 4-day totals

10
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delineated by REDCAP (Figure 1 and Table 1). Only 1-day and 2-day totals were investigated
for Gauley (WV), because the event was concentrated in two days. Twenty bootstrap samples
were taken for the 1-day total precipitation of Gauley due to the small size of region 1 (Figure
1a). Thirty samples were taken from both region 4 and 5 for the 4-day total of Cooper (SC),
because the watershed is split equally across these two regions (Figure 1c¢). The same approach
was applied to 10-digit HUCs (i.e., Gills Creek) to create a layer of 100 sample areas in each
year. The annual maximum of 1-day, 2-day, and 4-day totals were extracted from these randomly
created polygons. Total rainfall depth in each watershed was standardized by the number of
PRISM grid cells within the watershed (i.e., the average rainfall depth of each grid cell) to
facilitate comparison with observations at weather stations. In this way, additional samples were
created to estimate GEV parameters. This method substitutes space for time, to account for the

limited period of record (Viglione et al. 2007; Wallis 1980, 1982).

The annual maxima from the two datasets were used together to fit GEV curves. The
location, scale, and shape parameters of the GEV distribution and the intensity of 2-, 5-, 10-, 25-,
50-, 100-, 200-, 400-, 600-, 800-, and 1000-year return periods in each watershed were estimated
using L-moments (Hosking and Wallis 2005). The terminology of exceedance probabilities in the
study of the Great Colorado Flood of September 2013 was used to represent the probabilities
corresponding to each return period (e.g., a 500 year event has a exceedance probability of 0.002
(1/500)) (Gochis et al. 2015). A lower exceedance probability suggests a longer return period or
smaller probability rainfall event. To avoid the bias that might be caused by randomness of
generating the layers, the procedure was repeated ten times by permutating the layers used for
sampling in each year. GEV curves were fitted using annual maxima extracted from the

randomly created datasets and the selected watersheds each time. The intensity at each

11
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recurrence interval was averaged across the ten sample sets. Root Mean Square Error (RMSE) at
each recurrence interval of the ten sample sets was used to examine the variation of the sample

sets.
Comparison with the point-based approach

The comparison of the area- and point-based approaches were conducted in two ways.
The first comparison is the estimated rainfall depths of 1-, 2-, and 4-day totals at recurrence
intervals of 50, 100, 200, 500, and 1000 years. In each selected watershed, we compared the
area-based estimates of rainfall depths against the maximum estimated rainfall depths of Atlas-14
grid cells in each watershed. The ratio of these two are analogous to ARF which is used to
convert point-based values to area-based estimates. The difference of these ratios across
watersheds and duration periods suggests that no universal ARF sufficiently characterizes the
point to area relationship. In addition, ARF is only applicable to watersheds smaller than 1200
km? and storm durations shorter than or equal to 24 hours (Myers and Zehr 1980; Zehr and
Myers 1984). The second comparison is the exceedance probability of the investigated heavy
rainfall events suggested by the area- vs. point-based approaches. The area-based exceedance
probability was estimated by comparing observed rainfall depth within the watershed during
these heavy rainfall events against the estimated intensity at each recurrence interval. Similarly,
the point-based exceedance probability was estimated by comparing the observed rainfall depth
at individual weather stations against the intensity at each recurrence interval provided by
NOAA’s Atlas-14. The comparisons could not be conducted in one basin (Wilson-Trusk-

Nestuccu, OR), because NOAA’s Atlas-14 has not been updated in Oregon since 1973.

Results

12



245 Gridded 1-, 2-, and 4- day totals from PRISM exhibited great spatial variability within
246  watersheds (colored pixels in Figure 3 to 8). The ratio of the maximum to minimum grid cell

247  value was greatest in St. Vrain for 1-day total precipitation (Figure 4b, 11.4 (168.5 mm/ 14.8
248  mm)). The minimum ratio was about 1.4 in Saline Bayou for both 2-day and 4-day totals (Figure
249  7cand 7d). The density and spatial arrangement of rain gauges also differed greatly across

250  watersheds (black dots and stars in Figure 3 to 8). When the density of gauges in a watershed

251 was relatively high and distributed across the entire watershed, such as in the St. Vrain (Figure 4)
252 and Cooper basins (Figure 5), they captured both high and low rainfall extremes. The sparse

253 density and distribution of rain gauges did not fully capture the spatial variability of rainfall

254  patterns within watersheds such as Gills Creek (Figure 6), Saline Bayou (Figure 7), and Gauley

255  (Figure 8).

256 The spatial variability of rainfall and the spatial arrangement of rain gauges produced
257  different exceedance probabilities for each individual station within a basin (Table 2). The

258  exceedance probability suggested by a single rain gauge cannot represent the exceedance

259  probability across a basin. For example, 93 gauges in St. Vrain suggested six different levels of
260  exceedance probability for 2- and 4-day totals (Figure 4b and 4c; Table 2). To facilitate

261 interpretation, our comparison focuses on the lowest exceedance probability suggested by the
262  point-based approach against that estimated by the area-based approach. Except for the 1-day
263  total in St. Vrain and 1- and 2-day totals in Gauley, the area-based resampling approach

264  estimated lower exceedance probabilities than those estimated by the point-based approach

265  (Figure 3 to 8; Table 2). The most distinguishable difference occurred in Gills Creek. The area-

266  based approach estimated an event with probability lower than 0.1% (greater than a 1000-year
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event) for 1-, 2-, and 4-day totals, while the point-based approach estimated a probability of 0.1-

0.2% or a 500- to 1000-year event (Figure 6b to 6d).

The area-based estimates of 1-, 2-, and 4-day total rainfall depths at different recurrence
intervals had good convergence. The majority of RMSE were lower than 10 mm (Table 3). The
comparison of the estimated rainfall depths suggested by the point- and area-based methods
further explained the different exceedance probabilities suggested by the two approaches. The
largest difference (i.e., the lowest ratio of area- to point-based) was associated with 1-day total
precipitation in the St. Vrain Basin, while the smallest difference was associated with 4-day total
precipitation in the Cooper Basin (Figure 9). The ratio of area- to point-based estimates varied
both among watersheds and across different durations in the same watershed. Many factors such
as regional climatology and watershed characteristics (e.g., area, shape, and geographic location)
could contribute to the difference among watersheds. The ratio tended to decrease as return
periods increased, with the exception of 1- and 2-day totals in Gauley and 2- and 4-day totals in
Cooper. Within a watershed, the ratio decreased as duration increased from 1 day to 4 days.
Because short-duration storms tend to be more localized, they likely caused greater difference
between rainfall depth at a single location relative to the greater area than long-duration storms

with more widespread, uniform precipitation patterns over a large space.

Discussion and Summary

The difference between the heavy rainfall exceedance probabilities estimated by the
point- and area-based approaches are expected. While they are based on the same statistical
properties of heavy rainfall, they are investigated at different spatial scales. One does not
substitute for the other. Point-based estimates are usually derived from rain gauge observations

that are often the most accurate source of rainfall data and may be available for sufficiently long

14
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periods (Willems 2012). This makes the point-based estimates such as Atlas-14 very useful as an

engineering standard.

However, some engineering practices (e.g., the design of hydraulic structures), require
knowledge of how much rain is likely to be received across an area (Svensson and Jones 2010).
A point-based approach identifies maximum precipitation for points without a specific areal
extent, and it is very challenging to scale from point-based estimates to area-based estimates.
One cannot simply extrapolate from single points to obtain areal estimates, because probability
estimates at each point represent that point without a clearly defined spatial extent. The two
typical upscaling methods — design storms and ARF have recognized shortcomings. The former
makes unrealistic assumptions about uniformity of rainfall across space and time. The latter

ignores spatial and temporal variability (Svensson and Jones 2010; Wright et al. 2012).

To estimate the area-based heavy rainfall exceedance probabilities, our approach takes
advantage of areal representation of precipitation from high-resolution, gridded PRISM (Daly et
al. 2008) that has been used to investigate precipitation patterns (Lundquist et al. 2015), to
measure vegetation response to climate stresses (Canon et al. 2011), and to estimate discharge in

watersheds (Golden et al. 2010). Besides this advantage, our methods have several other merits.

First, we recognize climatological homogeneity of heavy rainfall exceedance
probabilities using a regionalization approach that is objective, data driven, and tailored to
extreme rainfall at different durations. By resampling within objectively delineated regions, we
differentiated geographic and synoptic conditions that contribute to heavy rainfall in specific

regions.
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Second, by delineating homogeneous regions on the basis of extreme statistical properties
we can “substitute space for time” and significantly increase sample size, making statistical
inferences more robust. In spirit, this is similar to Regional Frequency Analysis (RFA) adopted
by Atlas-14 which borrows from stations with similar extreme value properties to estimate
station probabilities (Hosking and Wallis 2005). Our regionalization method delimited not only
homogenous, but spatially contiguous regions that enabled the resampling of continuous areas

(i.e., watersheds) rather than discrete precipitation grid cells.

Third, our resampling approach sampled real events with spatial and temporal
characteristics, rather than relying on unrealistic assumptions about spatial rainfall patterns. It
offered an opportunity to examine truly plausible outcomes, ones that already occurred. This is a
way of more fully sampling the record of actual storm events in a coherent, internally consistent

spatial and temporal sense.

Fourth, although 35 years of gridded precipitation data (i.e., 1981-2015) is short in terms
of long return periods, and as compared to observational records at some individual rain gauges,
sampling from the most recent period reduces problems associated with non-stationarity. The
increasing trend of extreme precipitation events has been observed in the eastern and Midwest of
United States (Easterling et al. 2000; Todd et al. 2006). Non-stationarity in the record makes the

most recent 35 years more relevant.

The difference between the heavy rainfall exceedance probabilities estimated by the
point- and area-based approaches has several implications. First, as suggested by other studies,
generalized ARF are limited when applied to all watersheds without considering local and

regional extreme rainfall climatology (Asquith and Famiglietti 2000; Durrans et al. 2002; Wright
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et al. 2012). Second, given the dam failures in Gills Creek, it is very likely that the area-based
approach more appropriately measured the severity of the event. In most of the examples we
investigated, the area-based approach suggested lower exceedance probabilities than the point-
based approach. This suggests that severe heavy rainfall events could have happened more often
than would have been estimated by a point-based approach. Our results suggest that point-based

estimates (even with point-to-areal conversion) should be used cautiously as model inputs.

Likewise, gridded precipitation products have their own shortcomings. For example,
PRISM data have no durations shorter than 24 hours, result from uneven station networks, and
use spatial interpolation (Daly et al., 2008). However, our method provides the basis for use
with ever-improving gridded precipitation data. Ultimately, the use of gridded data as input for

hydrologic modeling or infrastructure design requires its own performance evaluation.

In summary, our study shows considerable difference between the point- and area-based
estimates of heavy rainfall exceedance probabilities and IDF curves in the selected watersheds
impacted by five recent heavy rainfall and flooding events in the continental United States. The
area-based estimates, when coupled with hydrological models, have important implications to

storm water management and flood risk assessment.
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Figure 1 (a)-(c) Regions where bootstrap samples of examined watersheds were taken for 1-, 2-,
and 4-day total precipitation respectively. Regions are numbered and distinguished by grey
shades. Stars represent the locations of examined watersheds. (d) an illustration of bootstrap
sampling for the four-day total precipitation of Gills Creek watershed (region 4 in Figure 1c).

The actual location of Gills Creek is highlighted in the circle.

Figure 2 A hypothetical example of spatially constrained clustering (i.e., REDCAP). Contrasts of
grey shading between grid cells represent the Anderson-Darling distance between them. A
standard non-spatial method yields two clusters: a region that contains grids A, B, and E and a
disjointed cluster that includes grid cells C, D, and F. Spatially constrained clustering requires
that every cluster at each hierarchical level be spatially contiguous. In this example, it would
create two regions which contain, respectively grid cells A, B, D, and E and grid cells C and F

(Adapted from: Gao et al. 2016).

Figure 3 Exceedance probability of February, 1996 heavy rainfall event in Wilson-Trusk-
Nestuccu Watershed Oregon. (a) the location of Wilson-Trusk-Nestuccu; (b) — (d) exceedance
probability estimated by the area-based approach respectively for 1-, 2-, and 4-day total

precipitation.

Figure 4 Exceedance probability of September, 2013 heavy rainfall event in St. Vrain Watershed

Colorado. (a) the location of St. Vrain; (b) — (d) comparison of exceedance probability estimated

by point-based and area-based approaches respectively for 1-, 2-, and 4-day total precipitation.
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Figure 5 Exceedance probability of October, 2015 heavy rainfall event in Cooper Watershed
South Carolina. (a) the location of Cooper; (b) — (d) comparison of exceedance probability
estimated by point-based and area-based approaches respectively for 1-, 2-, and 4-day total

precipitation.

Figure 6 Exceedance probability of October, 2015 heavy rainfall event in Gills Creek Watershed
South Carolina. (a) the location of Gills Creek; (b) — (d) comparison of exceedance probability
estimated by point-based and area-based approaches respectively for 1-, 2-, and 4-day total

precipitation.

Figure 7 Exceedance probability of March, 2016 heavy rainfall event in Saline Bayou Watershed
Louisiana. (a) the location of Saline Bayou; (b) — (d) comparison of exceedance probability
estimated by point-based and area-based approaches respectively for 1-, 2-, and 4-day total

precipitation.

Figure 8 Exceedance probability of June, 2016 heavy rainfall event in Gauley Watershed West
Virginia. (a) the location of Gauley; (b) — (c) comparison of exceedance probability estimated by

point-based and area-based approaches respectively for 1- and 2- day total precipitation.

Figure 9 The comparison of the estimated rainfall depths of 1-, 2-, and 4-day totals at recurrence
intervals of 50, 100, 200, 500, and 1,000 years from the point-based and area-based approaches.
The values of the point-based approach are the maximum estimated rainfall depths of Atlas-14
grids within a watershed. The ratios are the depths suggested by the area-based approach to the
maximum depth estimated by the point-based approach.
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Table 1. Heavy rainfall events and associated watersheds.

Events Examined Watersheds Hydrologic Unit Code  Area Regions for Bootstrap
Location Month (km?)  1-Day 2-Day 4-Day
Total Total Total
WA, OR,and ID  Feb-1996 Wilson-Trusk-Nestuccu, 17100203 2951 1 1 1
OR
0] Sep-2013 St. Vrain, CO 10190005 2539 2 2 2
SC and NC Oct-2015 Cooper, SC 03050201 3275 4 5 4 and 5
Gills Creek, SC 0305011002 193 4 4 4
TXand LA Mar-2016 Saline Bayou, LA 011140208 1266 5 6 5
wv Jun-2016 Gauley, WV 05050005 3678 3 3 NA
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Table 2 Number of stations in each exceedance probability interval based on point data (Atlas-14), and area-based exceedance

probability.
Exceedance Probability
Watershed Duration Station/Point-based
Area-based
>1/50 1/100-1/50 1/200-1/100 1/500 - 1/200 1/1000 - 1/500 < 1/1000
1 day 58 7 9 8 6 5 <1/600
St. Vrain, CO 2 days 39 9 7 8 5 25 < 1/1000
4 days 17 17 12 11 5 31 < 1/1000
1 day 16 7 2 5 < 1/1000
Cooper, SC 2 days 3 8 13 4 2 < 1/1000
4 days 3 10 17 < 1/1000
1 day 1 1 < 1/1000
Gills Creak, SC 2 days 1 1 < 1/1000
4 days 1 1 < 1/1000
l1day 2 1 ~1/100

Saline Bayou, LA

2 days 1 1 1 ~1/400




4 days

1/600-1/500

Gauley, WV

1 day

2

1/200-1/100

2 days

~1/90
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Table 3 Root Mean Square Error (RMSE) of bootstrapped estimated rainfall depths (mm) for

each recurrence interval.

Recurrence Intervals
Watersheds Durations

50 100 200 400 500 600 800 1000

1 day 3.0 4.0 5.4 7.1 7.7 8.2 9.1 9.8

Saline Bayou 2days 3.1 4.3 5.8 7.7 8.4 9.0 10.1 10.9

4days 5.0 6.7 8.8 114 12.3 13.0 14.3 154

1 day 3.6 5.3 7.5 10.1 111 11.9 13.3 14.5

Cooper 2days 4.2 6.1 8.5 11.6 12.7 13.7 15.3 16.7

4days 3.8 5.4 7.5 10.0 11.0 11.8 13.2 14.4

1 day 2.2 3.4 4.9 6.8 7.5 8.1 9.2 10.0
Gills Creek 2days 2.1 2.8 3.6 4.5 4.9 5.2 5.8 6.2
4days 3.0 4.5 6.3 8.6 94 10.1 11.2 12.2
1 day 1.2 1.9 2.7 3.8 4.2 4.5 5.0 5.5
St. Vrain 2days 15 2.3 3.3 4.6 5.1 5.5 6.2 6.8
4days 2.6 3.5 4.7 6.1 6.6 7.1 7.8 8.4
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1 day 2.1 29 3.8 49 5.3 5.6 6.2 6.6
Wilson-Trusk-

2 days 3.2 4.2 5.3 6.5 6.9 7.2 7.8 8.2
Nestuccu

4days 4.0 5.3 6.9 8.6 9.2 9.7 105 111

1 day 3.9 59 8.5 11.8 13.1 14.1 15.9 175
Gauley

2 days 2.4 3.7 5.3 7.3 8.0 8.6 9.7 10.5
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